Many countries participated in global value chains through specializing in processing exports (PE). Systematic portraits of the di¤erences between PE and regular trade are relatively scant. Without a clear understanding of their di¤erences, it is di¢ cult to compare export performance between countries and assess the e¤ectiveness of promotion policies for PE. This paper compares and contrasts export patterns and dynamics of PE …rms with those of regular (non-processing) exporters. Using transaction-level data for the universe of Chinese trading …rms over 2000-2006, we establish …ve stylized facts: compared to non-processing exporters, PE …rms (1) are larger but less diversi…ed in both products and destinations within the same industry; (2) start exporting with a larger volume but exhibit less upward mobility; (3) grow less both in the …rst year of entry and over time (within a market); (4) are less likely to move up to higher sales quintiles over time; (5) are more likely to start selling to more distant markets but less likely to penetrate new markets after the …rst year of exporting. We con…rm that these facts are observed within …rms'ownership types (e.g., foreign versus domestic), industries, destination countries, or geographic regions. Among other alternatives, we propose that incorporating uncertainty in export sales in the standard heterogeneous-…rm model is a natural way to explain these facts.
Introduction
Many developing nations started participating in global trade by specializing in assembly and processing of intermediate inputs into …nal products for foreign sales. This type of trade, which is often referred to as processing exports (PE), has been a driver of many countries'catch-up episodes, such as the four East Asian Miracle countries'economic success and more recently, China's stellar industrialization. In 2006-2007, PE plants employed an estimated 63 million people worldwide, accounting for the majority of exports from countries like China, Mexico, the transition economies of Central and Eastern Europe (CEE), the Philippines, Vietnam, and more recently sub-Saharan African nations (ILO, 2007; . For instance, PE persistently accounted for over half of exports of China (see Figure 1 ) and Mexico (Bergin et al., 2009 ) in recent years, despite stellar export growth in both countries. In Europe, the "European Agreements"between the EU-15 and the CEE have increased the incentives for EU suppliers to engage in processing trade with those countries.
Following the recent EU enlargements to the East, PE is likely to continue to be an important part of trade between these countries and the rest of Europe. 1 Observing the successes of other countries, many governments consider PE as a fast and safe path to industrialization and have used various policies to promote it (Farole, 2011).
Despite its importance around the world, systematic empirical documentation and analysis on PE …rms are scant. While the existing literature has cumulated a rich stock of knowledge about exporting …rms using …rm and transactions-level data (e.g., Bernard what, and where …rms export. While the existing evidence is very useful for understanding export performance of many countries, the framework may not be directly applicable for countries that rely heavily on PE. Di¤erent from non-processing …rms, PE …rms often passively receive orders and sometimes even intermediate inputs from foreign buyers. Because of their passive nature, PE …rms'export performance can di¤er substantially from the "active" exporters analyzed in the literature. How di¤erent they are is unknown. Comparing export performance between countries with di¤erent dependence on PE without taking into account their fundamental di¤erences could lead to misguided policies. This paper provides empirical evidence to compare and contrast PE …rms'trade patterns and dynamics with non-PE …rms. Such exercise is often restricted by data availability, as PE …rms are usually not separately identi…ed in …rm-level data sets. Chinese customs data is an exception as it distinguishes PE …rms from non-PE …rms based on their registration types. 2 To study PE, we use transaction-level data for all Chinese trading …rms over 2000-2006. Throughout the paper, we compare and contrast several export outcomes of PE …rms with those of non-PE (ordinary) …rms. By highlighting the key di¤erences between the two types of exporters, we aim to assess the direction of the potential bias in the aggregate trade statistics when PE is the dominant type of a country's exports. In particular, we provide a detailed account of exporters' scale, scope, growth, entry, and transition dynamics, for both types of exporters. Based on these …ve aspects of exporters'performance, we summarize the main …ndings in …ve stylized facts, which provide some guidance for future work on processing trade. These facts show that relative to non-PE …rms, PE …rms:
1. are larger in terms of sales, but are less diversi…ed in terms of products and destinations.
2. start exporting with a larger volume.
3. grow less, at both the intensive and extensive margins, in the …rst year of entry and over time (within a market). 4 . have a lower probability of moving up to higher sales quintiles over time. 5 . are more likely to start selling to more distant markets, but less likely to penetrate new markets after the …rst year. In other words, they are much more likely to export to the same set of countries they exported before.
We establish these …ve facts by regressing di¤erent measures of …rm export performance on an indicator of whether the …rm is a registered PE …rm, controlling for a wide range of …xed e¤ects. In particular, we con…rm that the above …ve facts are not due to di¤erent compositions of ownership types, industries, destination countries, or geographic locations between the two types of exporters.
Of note, despite the fact that a signi…cant fraction of PE …rms are foreign-owned, the above …ve facts remain robust and quantitatively similar after controlling for foreign …rm …xed e¤ects.
After establishing the stylized facts about PE …rms, we discuss how far one can use the standard heterogeneous-…rm models to explain these facts. The …rst two facts about exporters' scale and scope can be readily rationalized by recent multi-product …rm models (Feenstra and Ma, 2008;  Bernard, Redding and Schott, 2010 and 2011; Eckel and Neary, 2010; Arkolakis and Muendler, 2012; Mayer, Melitz, Ottaviano, 2012) . A common theme in this literature is that a …rm with a given capability decides whether to export or not, and conditional on exporting, what products and where to export. 3 Trade is associated with …xed costs and only the more productive …rms …nd it pro…table to do it. If exporting an additional product entails extra …xed costs, an exporter chooses to export its "best performing"products. Since PE …rms typically receive orders and in some cases even intermediate inputs from foreign buyers for processing, they may not need to invest as much to understand the foreign markets and outreach to potential foreign buyers. Thus, PE …rms are likely to be associated with lower …xed costs. Based on Bernard, Redding and Schott (2010 and 2011), if export costs are generally lower for PE …rms, they should be on average less productive than non-PE …rms. 4 This can explain why PE …rms export fewer products (part of Fact 1); and if …xed export costs are increasing in distance but at a lower rate for PE …rms, lower …xed costs can also rationalize why PE …rms start exporting to more distant markets (Fact 4).
However, lower …xed export costs for PE …rms are insu¢ cient to explain all …ve facts. If PE …rms face lower …xed export costs, they should have lower average export sales (against Fact 1). If we consider the dynamic version of Bernard, Redding, and Schott (2010) (see their online appendix) with …xed export costs incurred every period, there should be more dynamic transition of PE …rms across sales quintiles (against Fact 4) and destination markets (against Fact 5). Lower …xed costs for PE …rms are also inconsistent with their slower growth after the …rst year of exporting (against
Fact 3).
Thus, in addition to lower …xed costs, we need to consider more model features to explain all …ve facts pertaining to PE …rms. While there can be several alternative explanations, we choose to focus on uncertainty in export pro…ts as the key model feature as most of the di¤erences between the two types of exporters involve diversi…cation (product and country scope) and export dynamics.
Existing research …nds that exporters often enter a new export market with small export sales before expanding substantially (Eaton et . The general idea is that when …rms (or buyers) are uncertain about their performance as exporters, they enter export markets with small orders, usually nearby, to learn about their present and future pro…ts. 5 After uncertainty is lifted, …rms rapidly increase exports. Given that PE …rms passively receive orders from foreign buyers, they face less uncertainty about export sales and need not "test the ground" as much as non-PE …rms do. They then start exporting with a larger order but grow slower over time. This hypothesis can explain PE …rms'larger initial export volume (Fact 2). To the extent that export uncertainty is positively related to physical and cultural distances from the destination countries, incorporating export sales uncertainty in the model can also explain why they tend to start exporting to the more distant markets (Fact 5).
As initially proposed by Rauch and Watson (2003) and recently empirically veri…ed by Albornoz et al. (2012) , new exporters learn about their export pro…tability by exporting. This "learning by exporting"hypothesis predicts that after revealing much of the actual export pro…tability, exporters either exit if export pro…ts are low or surge if export pro…ts are high. This hypothesis can be used to rationalize that PE …rms are less likely to move up sales quintiles (Fact 4) and expand to other markets after initial foreign sales (Fact 5). In other words, PE …rms exhibit less pronounced sequential export pattern than non-PE …rms as documented by Albornoz et al. (2012) for Argentine exporters.
We con…rm that the larger average export sales of PE …rms is due to higher quantities, not higher prices. Furthermore, by estimating a set of gravity-type equations, we …nd the usual negative e¤ects of distance (both physical and cultural) on both …rm foreign sales and product scope; but the e¤ects tend to be weaker for PE …rms, even after controlling for the exporters'foreign ownership status. These results are consistent with the hypothesis that learning and experimentation appear to be more important for non-PE …rms than PE …rms. After …rm-market uncertainties are unveiled, export grows signi…cantly, conditional on survival. This conjecture also explains why non-PE …rms grow faster than PE …rms after the …rst year of exporting and in subsequent years (Fact 3).
The rest of the paper is organized as follows. The next section reviews the related literature. Section 3 describes the data for our analysis. Section 4 documents the …ve stylized facts. Section 5 interprets the stylized facts in the light of the multi-product …rm models that feature export pro…t uncertainty. The last section concludes.
Related Literature
Our paper relates to several strands of literature. As is discussed in the introduction, it relates to a growing literature that incorporates search and learning by exporters in foreign markets to understand initial small-scale exporting to neighboring countries (Rauch and Watson, 2003 ; SeguraBayesian updating, they show that exports grow over time when exporters become more certain about the probability of distributors'default. 2011, among others). 6 This literature also documents novel facts about …rms'internationalization strategies. Albornoz et al. (2010) build a model where a …rm discovers its export pro…tability only after exporting, and decides whether to enter new markets. They show evidence consistent with …rms'export pro…tability correlated across destination countries and time, and that …rms exhibit "sequential exporting"behavior. Similarly, Morales et al. (2011) study …rms'sequence of exporting, focusing on the idea of "extended gravity". Using the moment inequalities approach, they show that …rms are more likely to export to a new destination that shares similar characteristics to their existing destinations. On the theoretical front, Chaney (2011) builds a network-based model in which …rms can only export to markets where they have contacts. As …rms acquire more foreign contacts, they can expand into more remote countries. Our paper provides a detailed account about the dynamics of PE exporters' penetration sequence, and compares them with those of non-PE …rms.
This paper also complements a growing body of empirical studies that examine …rm export dynamics. This literature uncovers a number of facts: large number of single-year exporters; a predominance of small-scale exporting to neighboring countries; continuous exporters'entering and exiting individual foreign markets; export surge conditional on surviving the …rst year of exporting focusing on export dynamics of PE …rms, our paper contributes to this literature, which has focused primarily on non-processing exporters or unintentionally mixing PE …rms with non-processing …rms in the sample.
By documenting the scale and scope of multi-product exporters, our paper contributes to the literature that uses transactions-level data to describe exporters'trade patterns. In particular, our work is closely related to Manova and Zhang (2009) , who also use Chinese transactions-level trade data to examine cross-sectional patterns and the margins of trade of Chinese exporters. There are several important di¤erences between our work and theirs. First, we focus on the pattern of PE …rms, which account for over half of Chinese exports. In addition to their …ndings, we provide evidence on exporter transition dynamics across time, sales quintiles and markets to highlight the role of learning that may di¤er between non-PE and PE …rms. In that regard, our paper is related to Eaton et al., (2008) and who study export dynamics and margins of 6 Among others, Eaton et al. (2008) …nd that over 60% of new exporters in Colombia do not survive into the next year, but those that do account for a signi…cant share of the country's aggregate export volume. Consistently, Albornoz et al. (2011) …nd that about half of new exporters in Argentina export only for one year. By focusing on agricultural exports from Peru, Freund and Pierola (2010) …nd evidence of very large entry and exit in the export sector and in new destinations, with high exit rates after just one year (above 50% on average), especially among small starters.
exports of Colombian and US exporters, respectively. 7 
Data
Our analysis uses transactions-level data that cover the universe of Chinese importers and exporters in each month between 2000 and 2006. 8 The data report values of …rm exports and imports in US dollars by product and trading partner for over 200 destination and source countries, and over 7000 di¤erent products in the 8-digit Harmonized System classi…cation. Thus, we have the …nest possible unit of observation for empirical research in international trade -i.e., at the …rm-productcountry-month transaction level. The HS 8-digit product classi…cation is country-speci…c and is subject to changes over time, we therefore aggregate the observations to the HS 6-digit level which is stable across time and countries. We also perform our analysis using data at the HS8-digit level of disaggregation, obtaining qualitatively identical results.
For each transaction reported by an exporting …rm, our data contain information on quantities, country of destination, ownership type of …rm (e.g. foreign, private, state-owned, collectively owned), region or city in China from where the product was exported, and most importantly, customs regime (e.g., processing and non-processing). In this paper we use data for processing plants which are classi…ed according to the special customs regimes "Processing and Assembling" (pure-assembly) and "Processing with Imported Materials"(import-and-assembly). Non-processing trade is classi…ed by China Customs Statistics according to the regime "Ordinary Trade". 9 While the data are available at monthly frequency, we focus on annual trade ‡ows. 10 Since we are interested in highlighting di¤erences in export patterns and dynamics between PE and non-PE …rms, we only consider …rms that engage exclusively in non-PE or PE in a year. We drop …rms that operate in both trade modes in the same year, 11 but we include those that operate exclusively in a single regime in a year and in another regime in a di¤erent year. We verify that our empirical results are not driven by the exclusion of the hybrid exporters from the sample. Furthermore, 7 It is also related to a growing literature that studies the interactions between processing and ordinary exporters in China (e.g., Jarreau and Poncet, 2012; Manova and Yu, 2013). 8 The same data set has been used by Manova and Zhang (2010) and Ahn, Khandelwal and Wei (2010). 9 According to Yu (2011) , there are 15 other customs regimes, such as compensation trade and border trade. Total exports of these 15 regimes accounted for less than 3 percent of Chinese aggregate export value over the 2000-2006 period.
1 0 The data contain a number of additional variables which we do not exploit in this paper. For each (…rm, trade partner, product) triplet, we observe the means of transportation (out of 19 options such as air, ship, etc.), the customs o¢ ce where the transaction was processed (out of 42 o¢ ces), the region or city in China where the product was exported from or imported to (out of 710 locations), and any potential transfer country or region (such as Hong Kong). The data set also provides information on the quantities traded in one of 12 di¤erent units of measure (such as pieces, kilograms, square meters, etc.). 1 1 Around 25% of …rms across the sample years operate in both PE and non-PE regimes in the same year. We leave the study of a …rm's transition dynamics between PE and non-PE for future research.
since we are interested in studying the export patterns of …rms that produce and export goods, we do not consider intermediaries, which are pure import-export companies and do not engage in manufacturing goods. As in Ahn et al. (2011) , we identify intermediaries by looking for certain keywords in companies'names.
Stylized Facts
This section documents empirical regularities about the export patterns and dynamics of PE exporters, compared to non-PE …rms, which have been the focus of existing literature. We …rst establish the …ve stylized facts about PE …rms, and then we discuss how extensions of the existing multi-product model can help rationalize all …ve sets of facts.
Scale and Scope
We …rst report cross-sectional patterns of the scale and scope of multi-product and multi-destination exporters. Table 1 reports statistics on the number of products, the number of destinations, and the average export value at the …rm level in our sample. The …rst four columns report the numbers for non-PE …rms, while the last four columns are for PE …rms. As revealed in the upper panel, percent for Hong Kong, the highest among the top 10 destinations, and was 28 percent for Italy, the lowest among the top 10. In sum, processing exports is a major part of China's overall exports, as well as exports to its major destinations. 12 As is reported in the lower panel of Table 1 , non-PE …rms on average export more products and to more destinations. The average number of products per non-PE ranges between 6 and 9, while that by an PE …rm ranges between 4 and 5 across the sample period. 13 We also …nd that non-PE 1 2 These aggregate statistics include hybrid exporters that engage in both ordinary and processing exports. 1 3 We …nd the same pattern when looking at the median number of products, with a smaller di¤erence. The median OE …rm exports 2 to 3 products, versus 2 by PE …rms …rms sell in slightly more markets. non-PE …rms export to 4 to 6 destinations on average, while PE exporters export to 4 to 5 destinations. 14 In terms of …rm export value, despite the faster growth of non-PE …rms' foreign sales, the median PE …rm is still about twice as big in terms of foreign sales as the median non-PE …rm in 2006. Behind the stability of these trade patterns, there could be considerable di¤erences in …rm entry, exit, and within-…rm dynamics between the two types of …rms. These …rm-level patterns will be further explored in section 4.2.
Let us take a closer look into the product and destination scope of each type of exporters. As is shown in Tables A1 and A2 in the appendix, multi-product exporters in China account for over 80% of total exports in the sample period. Consistent with Table 1 , we …nd that proportionally more non-PE …rms are multi-product …rms. In 2006, 69% of non-PE …rms are multi-product …rms, compared to 63% for PE. Single-product non-PE exporters account for 14% of total export value in 2006, compared with around 12% for PE. For both types of exporters, the share of single-product exporters in total exports has decreased over the sample period. 15 Regarding the destination scope, Tables A3 and A4 in the appendix show that for both types of exporters, over half of the …rms export to multiple destinations. Relatively more PE …rms export to a single destination. More speci…cally, in 2006, 32% of non-PE …rms are single-country exporters, mediating around 8% of exports; while 41% of PE …rms are single-country exporters, accounting for around 7% of total export value.
To examine more systematically the product and destination scope of each type of exporters, we regress the number of products exported and the number of destinations served by the …rm in each year between 2000 and 2006, on an export-processing …rm dummy, controlling for a range of …xed e¤ects. Given that the dependent variable is a count variable, we estimate the following speci…cation using a negative binomial model:
The dependent variable is the number of HS 6-digit categories at the …rm-year level. P E i is an indicator variable for whether …rm i is an PE …rm. We also control for the (log) …rms' lagged total exports (X it 1 ) to proxy for the …rm's capability to expand its product scope. We include a wide range of …xed e¤ects, denoted by fF Eg, which will be discussed below. Standard errors are bootstrapped. Table 2 reports the results. In column (1), without including any …xed e¤ects, the coe¢ cient 1 4 The median non-PE …rm exports to 2 to 3 destinations instead of 1 to 2 by PE exporters. 1 5 The distribution of export ‡ows is skewed but signi…cantly less so than in the US. Bernard, Jensen and Schott (2009) report that 38% of single-product exporters accounted for less than 1% of export value in the US.
on the PE dummy is negative and statistically signi…cant at the 1% level. The magnitude of the coe¢ cient implies that PE …rms on average export about 50% (= exp ( 0:701) 1) fewer products than non-PE …rms. This negative correlation can arise from di¤erent compositions of industries or varying prevalence of foreign ownership between the two types of exporters. To address the composition e¤ects, we include a variety of …xed e¤ects in the regression. In columns (2) to (4), we include ownership type …xed e¤ects (state-owned, joint-ventures, private-domestic or foreign-owned) to control for the fact that …rms with di¤erent ownership types face di¤erent market conditions, such as …nancial constraints as is highlighted by Manova, Wei, and Zhang (2012). Conditioning on ownership type is important to account for the fact that foreign-owned …rms, which prevail in PE trade in China, may have di¤erent characteristics than domestic companies which may a¤ect our outcomes. This ensures that the estimated di¤erence in product scope between PE and non-PE …rms is the result of …rm organizational form and not ownership type.
Column (2) also includes industry-year …xed e¤ects, where an industry is de…ned as an HS 2-digit category, to control for industry idiosyncrasies in a given year. 16 The coe¢ cient declines signi…cantly in size (from -0.70 to -0.19 log points) but remains statistically signi…cant. These results
show that PE and non-PE …rms are concentrated in di¤erent industries, which are intrinsically associated with di¤erent numbers of product varieties. Nevertheless, while di¤erent compositions of …rm ownership types and industries explain a bulk of the di¤erence in product scope, within an industry-year and ownership type, we still observe signi…cantly lower product scope among PE …rms. The coe¢ cients on the P E dummy suggest that PE …rms export 18% to 50% (0.19 to 0.70 log points) fewer products on average.
In column (3), we include province-year …xed e¤ects to control for province-level trends such as changes in the business environment or policies in a province that a¤ect both types of exporters.
In column (4), we control for province-industry-year …xed e¤ects to account for time-varying systematic di¤erences across provinces that have di¤erential e¤ects across industries (e.g., di¤erences in business environments or policies that may impact certain industries more). By controlling for the unobserved province-speci…c time-varying factors that may a¤ect product scope of exporters, we continue to …nd a lower product scope for PE …rms. Repeating the analysis using OLS and ln (#products it ) as dependent variable yields similar results. 17 Next we examine whether PE …rms have a smaller destination scope. We estimate the following speci…cation:
The dependent variable is the number of destinations served by …rm i in year t. Similar to eq. (1), we control for the (log) …rms'lagged exports (X it 1 ) to proxy for the …rm's capability to export to multiple countries. We include the same set of …xed e¤ects and regressors as above. As reported in columns (5) through (8) of Table 2 , we …nd that PE …rms export to fewer destinations than non-PE …rms. The coe¢ cient on the PE dummy is always negative and statistically signi…cant at the 1% level. This result is again obtained across as well as within industry-years, province-years, province-industry-years, and ownership types. The coe¢ cients on P E i suggest that PE …rms serve 26% to 44% (0.31 to 0.58 log points) fewer foreign markets on average, depending on the set of …xed e¤ects included. OLS regressions using ln(#destinations it ) as the dependent variable yield similar results.
Next we examine exporters' scale. As reported in Table 1 , PE exporters are on average four to seven times larger in terms of export value than non-PE …rms, while the median PE …rm is still over twice as large as the median non-PE …rm. To verify that larger PE sales are observed both across and within industries, provinces and di¤erent ownership types, we regress the log of …rm exports on the PE dummy along with an exhaustive set of …xed e¤ects. We estimate the following linear regression for exports at the …rm-year and …rm-product-country-year level over the 2000-2006 period:
where i and t stand for …rm and year, respectively. Table 3 reports the regression results at the …rm-year level and includes the same set of …xed e¤ects fF Eg as in Table 2 . Standard errors are robust and clustered by …rm in column (1) and at the same level of the …xed e¤ects added (other than ownership) in each remaining speci…cation. We …nd a positive and statistically signi…cant coe¢ cient (at the 1% level) on the P E dummy, suggesting that PE …rms are on average larger than non-PE …rms. This di¤erence is observed across all …rms (column 1) as well as within industry-years (column 2), province-years (column 3) and province-industry-years (column 4). In columns (2) through (4) we also condition on ownership type. This accounts for the fact that foreign-owned …rms, may have di¤erent characteristics from domestic companies which may a¤ect exports. The di¤erence in size between PE and non-PE …rms is estimated above and beyond the e¤ect of foreign ownership, which is a common ownership type in PE trade.
In columns (5) through (8) of Table 3 , we further explore the relationship at the …rm-productcountry level, controlling for the …rm's lagged total exports. In addition to the controls and …xed e¤ects above, we include industry-destination-year …xed e¤ects (column 6) which encompass all unobserved industry-country-speci…c shocks. We also include province-country-year …xed e¤ects which absorb all unobservable province-country characteristics (e.g. comparative advantage of the province in exporting to a speci…c destination country). 18 The larger average size of PE …rms are found within an industry-country-year (column 6), province-year (column 7) and among …rms in a province exporting to the same destination in a year (column 8). Speci…cally, the results from column (8) show that an PE …rm on average exports 19 percent more than an non-PE that exports to the same destination, from the same province, in the same industry (HS2) and ownership type.
The main message of the results in this section is summarized as follows:
Fact 1: Within the same industry, province, and ownership type, processing exporters are larger in terms of sales, but are less diversi…ed in terms of the number of products and destinations, relative to non-PE …rms.
Potential Reasons for Fact 1
The fact that PE …rms have a larger scale could result from charging higher export prices. To examine whether PE …rms charge more per unit of sales, Table 4 regresses the (log) unit value at the …rm-product-country level on the PE dummy. Following the literature, a product is de…ned as an HS-8 category. 19 Ownership type …xed e¤ects are always included in the light of the recent …ndings that foreign-owned exporters sell at a price premium compared to domestic exporters in China (Ge, Lai, and Zhu, 2012). In column (1), we …nd that PE …rms'export prices are lower than non-PE …rms'within the same ownership type, year, and province-country-product. The di¤erence is about 12%. The province-country-product …xed e¤ects control for all unobserved determinants of prices speci…c to the province (e.g., di¤erent wages across regions), to the country (e.g., higher prices to richer countries as is documented by Manova and Zhang, 2012) , and to the product (e.g., di¤erent units of measurements) all at once. We continue to …nd lower prices among PE …rms when product-country-year …xed e¤ects are controlled for, which capture any unobserved determinants of prices that vary across products, countries, and years. The price gap between the two types of exporters increases when exporters' total sales are controlled for. In sum, the results in Table 4 show that the larger sales of PE …rms are not due to higher prices, but higher export quantity.
Fact 1 may arise from a di¤erent mix of destination countries between PE and non-PE …rms.
To examine this possibility and shed some light about the reasons behind the observed di¤erences, Table 5 investigates the relation between exporters'scope, scale and distance to the destinations. 20 1 8 A recent paper by Keller, et al. (2012) shows that the distribution of trading partners of Shanghai at the turn of the 20th century continues to a¤ect the city's export patterns today. 1 9 The unit of measurement is the same within the same HS-8 category, which may not be true at the HS-6 level. Thus, to make the unit value comparable across …rms, we conduct our analysis at the most disaggregated product level.
2 0 In our investigation of how country characteristics a¤ect exporters' outcomes, we drop exports to Hong Kong
We consider both physical and cultural distances. We use the genetic distance measure proposed by Spolaore and Warziarg (2009) as an exogenous measure of the cultural dissimilarity between the Chinese and the destination country's populations. 21 In addition to the distance measures, we also include interaction terms between the distance to the destination and the PE dummy. We also control for ownership type and province-industry-year …xed e¤ects. The coe¢ cient on the stand-alone distance variables is interpreted as the distance e¤ect on non-PE's product scope or scale, while the coe¢ cient on the interaction term is the di¤erential e¤ect of distance on PE …rms.
In columns (1) and (2), we …nd that the coe¢ cients on the stand-alone distance measures are statistically signi…cant and take the expected sign -negative for the measures of both physical distance and genetic (cultural) distance. That is, exporters sell fewer products to more distant countries (both geographically and culturally). 22 More importantly, we …nd a positive and signi…cant coe¢ cient on the interaction terms between the P E dummy and the distance measures, suggesting that while distance is associated with a smaller exporters' product scope, this negative e¤ect of distance is weaker for PE …rms than for non-PE …rms. We also investigate the role of distance on …rm export value. In columns (3) and (4), we …nd that for non-PE …rms, we obtain the standard result that bilateral exports decline with distance (both geographic and cultural) to the destination. For PE …rms, once again we …nd a positive coe¢ cient on the interaction terms, suggesting that the negative e¤ect of distance on export volume is weaker for PE …rms. A possible explanation for the weaker distance e¤ects for PE …rms is that while uncertainty about the destination is increasing in physical and cultural distance, PE …rms are a¤ected less as they are approached directly by foreign buyers and need not invest as much in knowing and outreaching customers. We will elaborate this explanation in section 5 after presenting the rest of the stylized facts. Table A5 in appendix in addition to the interaction terms between the P E dummy and the distance measures, further includes interaction terms between a foreign ownership dummy and distance. We continue to include province-industry-year FE. Since foreign ownership prevails in export processing, this table investigates if the di¤erential e¤ect of distance on PE …rms remains beyond the di¤erential e¤ect of foreign-ownership. The coe¢ cients on the interaction terms between the P E dummy and the distance measures remain positive and statistically signi…cant. This suggests that the negative e¤ect of distance (physical and cultural) on product scope and export value is and Macau as their geographic and cultural distance to China are essentially zero. 2 1 Genetic distance is a measure based on di¤erences in the distribution of gene variants across populations between two countries. It has been used in existing literature to study the impact of cultural di¤erences on exchanges (Guiso, Sapienza, and Zingales, 2009) and technology di¤usion (Spolaore and Warziarg, 2009). 2 2 These results are consistent with Bernard et al (2011) who also …nd a negative (positive) relationship between the extensive margin of exported products and distance (GDP).
weaker for PE …rms, even after controlling for di¤erential e¤ects for foreign owned …rms. In these speci…cations the coe¢ cient on the stand-alone distance variables remains negative and statistically signi…cant and measures the e¤ect of distance on domestic non-PE's (the omitted category) product scope or scale. While the coe¢ cient on the interaction term between the P E dummy and distance measures the di¤erential e¤ect of distance on P E …rms. The coe¢ cient on the foreign-distance interaction term is the di¤erential e¤ect of distance on foreign-owned …rms. In sum, the weaker distance e¤ects for PE …rms remains after controlling for di¤erential e¤ects for foreign-owned …rms.
Export Dynamics
Recent research shows that there is a prevalence of exporters that start exporting with a small 
Entry Size
To investigate the size on entry in export markets of PE versus non-PE …rms, in Table 6 we regress the log value of …rm exports in the …rst year of exporting on the PE dummy variable, and a set of …xed e¤ects, as explained in the previous section. We estimate a linear regression for exports at entry, similar to eq. (3). Columns (1) through (4) report regression results at the …rm level. Column (1) reports results across all …rms. Column (2) includes industry-year …xed e¤ects, while columns (3) and (4) include province-year and province-industry-year …xed e¤ects. We also control for ownership type of the …rm in columns (2) to (4) . By including these …xed e¤ects, we are estimating the di¤erence between non-PE and PE …rms in the same entry cohort within an industry or province. Standard errors are robust and clustered by …rm in column (1) and at the same level of the …xed e¤ects added (other than ownership) in each remaining speci…cation. We obtain a positive and statistically signi…cant coe¢ cient (at the 1% level) on the PE dummy across all four speci…cations. The results show that PE …rms start exporting with a larger volume than non-PE …rms within the same industry-province-year, con…rming that the …ndings of larger initial export sales is not driven by di¤erent industry mixes or any industry-speci…c or province-speci…c shocks in a year. Columns (5) through (8) report results at the …rm-country level. Controlling for a wide range of …xed e¤ects, we …nd that PE …rms sell more in a new country, compared to non-PE …rms.
The evidence from Table 6 can be summarized by the following fact:
Fact 2: Processing exporters start exporting with a larger volume, relative to non-PE …rms.
Export Growth
Next we investigate the di¤erential export growth for PE …rms versus non-PE …rms. Table 7 regresses …rm export growth on the PE dummy and a comprehensive set of …xed e¤ects. Columns (1) through (4) investigate year-on-year export growth at the …rm level. The PE dummy is negative and statistically signi…cant across all speci…cations, implying a lower average growth of PE …rms than non-PE …rms. Columns (5) to (8) are for export growth between the …rst and the second year in export markets, conditional on survival. We …nd that PE entrants grow less between the …rst and the second year in export markets than non-PE …rms. By including industry-year (columns 2 and 6) and province-year (columns 5 and 7) …xed e¤ects, we con…rm these …ndings within industries and provinces for …rms in the same entry cohort. When province-industry …xed e¤ects are included in column (8) , the PE dummy continues to be negative but loses signi…cance. Overall, the results in Table 7 can be summarized as follows:
Fact 3: Processing exporters grow less than non-processing exporters at both the intensive and extensive margins, in the …rst year of entry and over time (within a market).
Firm Transition Dynamics
Next we study how …rms transit between export quintiles across time, as is reported by Eaton et al. (2008) . We divide …rms into quintiles according to their previous year's export volume (pooled across all destinations). Table 8 reports year-to-year transitions for both PE and non-PE exporting …rms, the conditional probability of transiting from export sales quintile x in t 1 to quintile y in t is shown. We also report the probability of entry into exporting (exit from exporting) for each quintile in the last row (column) of the table.
For both types of exporters, the diagonal entries take the highest values in each row or column, implying that …rms have higher probability of staying in the same quintile than moving to any other quintile in the following year. Importantly, PE …rms consistently have a higher probability to stay in the same quintile than non-PE …rms, which exhibit more potential to move up to higher sales quintiles. For instance, PE …rms in the lowest quintile have 64% chance to continue to sell in the same quintile, compared to 46% chance for non-PE …rms. This is consistent with the …ndings from Table 7 that PE …rms' growth is slower than non-PE …rms. In terms of entry, both types of exporters exhibit surprisingly similar quintile distribution. About 29% of the entrants in each regime enter small (in the lowest sales quintile). 23 For non-PE …rms, 11% of the new exporters start exporting directly in the top sales quintile, while 13%, of PE exporters start in the highest sales quintile.
Exporters from the lowest sales quintile have the highest probability of moving up to higher sales quintiles. Eaton et al. (2008) also …nd the same pattern for Colombian exporters and use it as suggestive evidence that exporters go through a learning period during which foreign clients place small orders initially to learn about the …rms products and capability for ful…lling larger orders in the future (Rauch and Watson, 2003) . Once the trial stage is completed, surviving …rms'exports grow rapidly as much uncertainty is lifted.
Across all sales quintiles, PE …rms have lower probability of moving up to higher sales quintiles than non-PE …rms. This is consistent with the …ndings above that PE …rms enter exports larger than non-PE …rms and grow less subsequently. These results suggest that perhaps learning plays a more important role for non-PE …rms, compared to PE …rms. Many PE …rms are subsidiaries of foreign …rms and assemble inputs into …nished goods for their parent companies, and therefore the need for them to place small orders to learn about the foreign markets before committing a large amount of resources is much less important.
In Table 9 , we examine the relationship between the entry size in any given year, and export growth in the immediate following year (i.e., the second year of exporting). The bottom row reports the share of entrants in each quintile in the year of entry. The diagonal entries are smaller than those in Table 8 . This means that …rms have a higher probability to move to other quintiles in the year right after entry than in subsequent years. In other words, it becomes signi…cantly more di¢ cult to move to other quintiles if …rms do not do it in the year of entry. Another interesting …nding is that consistently with the long-run results in Table 8 , PE entrants are more likely to stay put than non-PE entrants; that is, mobility right after entry is also lower for PE …rms right after entry, similar to the year-to-year transition.
non-PE (PE) …rms that enter in the lowest quintile, conditional on staying, have 65% (53%) chance to transit to higher sales quintiles in the following year, while non-PE (PE) …rms that start exporting in the third quintile, face a 53% (41%) chance of growing to the top two quintiles in the following year. In sum, …rms that start smaller, conditional on survival, have a higher probability to move up sales quintiles. These results defy Gibrat's Law, which postulates no relationship between …rm size and growth. In terms of transition dynamics across quintiles, the pattern is quite similar to that in Colombia, as reported by Eaton et al. (2008) , with the exceptions that Chinese new exporters have higher probability to start selling in higher sales quintiles, and that PE …rms are more likely to stay put than non-PE …rms. Summarizing the results in this section gives us the following fact:
Fact 4: Processing exporters have a lower probability to move up to higher sales quintiles over time, compared with non-PE …rms.
Firms'Internationalization Strategies
We now turn to examining the transition dynamics of cross-market entry and exit. Table 10 splits the sample into …rms that export to 1, 2, ... 30+ destinations, and shows the year-to-year transition probabilities of changing the number of destinations (i.e., conditional probability of transiting from exporting to x destinations in t 1 to y destinations in t). The upper panel reports the numbers for non-PE, while the lower panel is for PE. 24 By construction, the entries in each column add up to 1. For non-PE …rms, the probability of exporting to the same number of destinations in the following year is almost always higher than the probability of transiting to exporting to a di¤erent number of countries, except for cases involving initially exporting to 4-5 destination countries.
The bottom row of the table shows the share of …rms that start exporting to di¤erent number of destinations. For both types of …rms, new exporters are most likely to start serving a single market. 45% (56%) of non-PE (PE) …rms started exporting to one destination and only about 1% (1%) started exporting to more than 30 destinations. When …rms expand market penetration, they tend to do so gradually rather than in big jumps. This pattern is evidenced by the fact that the probability of expanding to y destinations is generally decreasing in y (with a few exceptions). The same is true for …rms dropping markets. The probability of dropping markets is decreasing in the number of markets served for …rms that serve more that 5 countries.
The probability of exporting to the same number of destinations in the following year is almost always higher than the probability of transiting to exporting to a di¤erent number of countries. 25 Notably, the diagonal entries for PE …rms are always higher than the corresponding ones for non-PE …rms, suggesting that PE …rms are relatively more stagnant in terms of exporting to more countries over time. In other words, PE …rms are less mobile in terms of exporting to more countries. Table 11 reports the conditional probability of transiting from exporting to destination group x in year t 1 (column) to destination group y in year t (row). We consider 4 groups of destinations 2 4 The table reports the percentage of …rms that started exporting to the number of destinations speci…ed in the column that transited to exporting to the number of destinations speci…ed in the row, conditional on survival. 2 The most common destination for non-PE …rms is the "neighbor" (NE) group (23%) (which includes Korea, Taiwan and Russia, etc.), followed by the rest of the world (RW) (20%). The fact that the numbers in any rows are drastically di¤erent across columns implies that a …rm's probabilities of moving into di¤erent markets depend on its previous-year market position. For instance, …rms previously exporting to the "neighbor" group are more likely to move to NE+RW (5%) than to any other country groups. Of note, for non-PE …rms, exporting to EU o¤ers the greatest probability of launching to multiple markets. These results contrast with Eaton et al.
(2008), who …nd in Colombia that exporting to neighbors …rst is most promising for reaching more markets. In China, starting to export to neighbors o¤ers the greatest probability of staying put among non-PE …rms (87%).
For PE …rms, the most common destination is also the "neighbor" (NE) country group. The fraction of …rms (pooled across sample years) that start exporting to neighbor countries only is 26%. The second most popular group is the rest of the world (RW) (17%). Similar to non-PE …rms, PE exporters have the EU as the best platform for launching to a larger number of markets.
Speci…cally, an PE …rm that exported to EU in the previous year has about 20% chance to export to more than one country group, compared with 7% if it exported to "neighbor" only or 18% if it exported to the US only.
The probabilities of transiting to more markets are smaller for PE …rm than non-PE …rms, suggesting that market penetration is less dynamic for PE …rms. Exporting to neighbors is very sticky in terms of market transitions. 92% of PE …rms that exported to neighbors in the previous year would continue to export to neighbors only in the current year, larger than 87% for non-PE …rms in the same situation. In sum, we …nd that the sequential export patterns, a focus of recent studies (e.g., Albornoz et al., 2012) , are quite di¤erent between PE and non-PE …rms. 2 6 Neighbor country group includes AF: Afghanistan, BT: Bhutan, IN: India, JP: Japan, KZ: Kazakhstan, KP: Korea DPR, KR: Korea Rep., LA: Laos, MN: Mongolia, MM: Myanmar, NP: Nepal, PK: Pakistan, PH: Philippines, RU: Russia, TJ: Tadzhikistan, and VN: Vietnam. The sample includes all …rms that export for at least 2 years to a country. 2 7 This implies that each entry within a column is a mutually exclusive event (i.e., the row RW implies serving the rest of the world only, excluding those that serve the rest of the world and any other country group).
To more systematically investigate exporters'market penetration dynamics, we estimate a linear probability model of market entry. We …rst de…ne a binary variable Entry ict , which takes the value of 1 if …rm i enters a new country c at period t and zero otherwise. Therefore, in each period …rm i chooses to enter one or more new export destinations. We drop the …rm-country pair from the sample for period t + 1 and onwards if Entry ict = 1 at t. The estimation sample includes all …rms that export to a country for at least 2 years. We estimate the following speci…cation for the entry probability:
We include the same set of regressors as described in previous speci…cations. Among other …xed e¤ects, we always control for ownership type of the …rm to account for the fact that foreign-owned …rms, which prevail in PE trade, may have di¤erent characteristics than domestic companies that may a¤ect entry. P E it is a dummy variable for PE …rms. If 1 < 0, PE …rms are less likely to enter new export destinations than non-PE …rms in year t. Table 12 reports results from estimating equation (4) . The coe¢ cient on the PE dummy is negative and statistically signi…cant at 1%
level across all speci…cations with di¤erent …xed e¤ects. This suggests that the probability of entering a new market is lower for PE …rms than for non-PE's. This result is observed within the same country-year and …rm ownership type (column 2), within the same country-province-year and ownership type (column 3), as well as within the same year, country-industry-province group, and ownership type (column 4). Columns (5) and (6) include (log) …rm total exports in the previous year, which partly accounts for any supply shocks in year t 1 that may a¤ect the …rm's decision to enter a new destination in year t. Table 13 investigates the e¤ect of distance to the destination on the entry probability. In columns (1) and (2) we include measures for geographic and cultural distance as well as interaction terms between the distance measures and the PE dummy, to investigate the di¤erential e¤ect of distance on the entry probability for PE relative to non-PE …rms. We …nd that non-PE …rms are less likely to enter more distant destinations (geographically and culturally). The positive and signi…cant coe¢ cient on lagged …rm exports suggests that larger exporters are more likely to enter new destinations. More importantly, we …nd positive and signi…cant coe¢ cients on the interaction terms between the PE dummy and distance (both geographic and cultural), which suggest that PE …rms are more likely to start exporting to distant countries relative to non-PE …rms. In other words, the negative e¤ect of distance on the entry probability is weaker for PE …rms. If …xed costs of trade are higher for more distant markets, new exporters (or exporters to new countries) tend to use closer markets as "testing grounds". If the …xed costs of trade are lower for PE …rms and the distance e¤ects are smaller, PE …rms are less likely to sell to proximate markets before serving more distant markets.
In columns (3) and (4) we further include interaction terms between a foreign-ownership dummy and distance. This investigates if the weaker e¤ect of distance on PE …rms' entry probability that we estimate above is robust to considering di¤erential e¤ects for foreign-owned companies.
The coe¢ cient on the stand-alone distance variables now measures the e¤ect of distance on entry probability for domestic non-PE …rms. The e¤ect remains negative and statistically signi…cant.
Importantly, the coe¢ cients on the interaction between the PE dummy and distance remain positive and statistically signi…cant, con…rming that PE …rms are more likely to start exporting to distant countries relative to non-PE …rms. This weaker e¤ect of distance on the entry probability on PE …rms is estimated above and beyond the di¤erential e¤ect of distance on foreign-owned …rms, measured by the interactions between the foreign dummy and the distance variables. The …ndings in this section can be summarized by the following fact:
Fact 5: Compared to non-PE …rms, processing exporters are more likely to start selling to more distant markets, but less likely to penetrate new markets after the …rst year. In other words, they are much more likely to export to the same set of countries they exported before.
Interpretation of the Stylized Facts
What accounts for the observed di¤erences between non-PE and PE …rms? In this section, we interpret the stylized facts in the light of existing models. We provide several directions to extend the standard heterogeneous-…rm model to explain the facts documented. Let us …rst summarize the stylized facts as follows: Compared to non-PE …rms, Fact 1: PE …rms are larger in terms of sales (within the same industry, province, destination, and ownership), but are less diversi…ed in terms of products and destinations.
Fact 2: PE …rms start exporting with a larger volume.
Fact 3: PE …rms grow less, at both the intensive and extensive margins, in the …rst year of entry and over time (within a market).
Fact 4: PE …rms have a lower probability of moving up to higher sales quintiles over time.
Fact 5: PE …rms are more likely to start selling to more distant markets, but less likely to penetrate new markets after the …rst year.
The …rst two facts are related to exporters'scale and scope, which can be in part rationalized by the recently proposed multi-product …rm models. Bernard, Redding and Schott (2010) and (2011) develop a general equilibrium model of multiple-product …rms, which features heterogeneity in …rm productivity and within-…rm product attributes. Firms have to pay …xed costs to serve each additional market and to produce each additional product. In addition to the country-speci…c productivity cuto¤ above which a …rm exports, as in Melitz (2003), there is a product cuto¤ above which a …rm can pro…tably export the product. More productive …rms have lower product cuto¤s as they can generate su¢ cient operating pro…ts to cover the product …xed costs even when the product attributes are low. Therefore, more productive …rms supply a wider range of products. 28 Eaton, Kortum, and Kramarz (2011), on the other hand, develop an extension of the Melitz (2003) model to study exporters'scope of destination markets. Their model features heterogeneous …rm productivity, a …xed measure of potential …rms as in Chaney (2008), and a …xed market entry cost that is increasing in the fraction of potential consumers reached as in Arkolakis (2010) . Their model shows that the more productive …rms sell to more destinations.
This literature postulates that more productive exporters have larger foreign sales, a wider product range, and serve more countries. To the extent that PE …rms are approached by foreign buyers, instead of investing to reach out to foreign buyers, they incur a lower …xed market cost, as modeled by Arkolakis (2010) . The productivity cuto¤ for exporting would then be lower for PE …rms, compared to non-PE …rms, resulting in a lower average productivity and smaller product and country scopes for PE …rms. Thus, Fact 1 can be rationalized by the simple fact that PE …rms face lower …xed costs. Furthermore, if …xed export costs are increasing in distance but at a lower rate for PE …rms, lower …xed costs can also rationalize why PE …rms start exporting to more distant markets (Fact 4).
Do lower …xed export costs for PE …rms su¢ ce to explain all …ve facts? In the multi-product heterogeneous-…rm discussed above, lower …xed costs for PE …rms would imply lower average export sales, not higher as is stated by Fact 1. Furthermore, if …xed export costs are incurred every period, lower …xed costs for PE would imply more dynamic transition of PE …rms across destination markets and sales quintiles, not less as is described by Facts 4 and 5. Lower …xed costs for PE …rms also cannot explain their slower growth in the …rst year of exporting and in subsequent years (against
Fact 3).
Thus, we need to consider other dynamic aspects of exporting, in addition to lower …xed costs, to explain all observed di¤erences between PE …rms and non-PE …rms. While there can be several is relatively silent about product and market scopes, a natural extension of the existing models by incorporating these features would predict that exporters will …rst export the best performing products to destinations that are easier to penetrate, before expanding exports to other products and markets.
Given that PE …rms passively receive orders from foreign buyers and need not "test the ground" as non-PE …rms do, it is conceivable that they face lower uncertainty about export sales, and not just lower …xed export costs. If PE …rms face lower uncertainty about foreign sales, they may start exporting with a larger volume, as is described by Fact 2. In terms of how uncertainty a¤ects the scope of an exporter, three partial e¤ects are in order. First, according to the multiproduct models discussed above, a higher average productivity of non-PE …rms imply that they will have a wider product scope and country scope on average. Second, due to higher risks, non-PE …rms have stronger incentives to diversify over products and countries. Countervailing these forces is the need to experiment exporting sequentially, especially in the …rst year, by selling the best performing products (to the safest markets) …rst. The net e¤ect of all these three forces is theoretically ambiguous. Fact 1 shows that PE …rms have smaller product and country scopes on average, suggesting that by pooling all cohorts of exporters (entrants and continuing exporters) together, the productivity and diversi…cation e¤ects seem to dominate the experimentation e¤ects on average. Furthermore, to the extent that demand and supply uncertainties increase with physical and cultural distance to the destination countries, lower uncertainties facing PE …rms can explain why PE …rms tend to start exporting to more distant markets (Fact 5). 
Conclusions
Despite the importance of processing exports (PE) in many developing countries, existing research has not provided a systematic description of PE …rms. Using transaction-level data for the universe of Chinese trading …rms, we provide evidence on export patterns and dynamics of this type of exporters. We compare and contrast these …ndings with those of non-PE …rms, the focus in the existing literature, to understand how PE …rms are di¤erent. Due to the passive nature of PE …rms, they can behave quite di¤erently from non-PE …rms. As such, their varying prevalence of PE across countries should be taken into account when one wants to assess countries' export performance using aggregate trade data.
We establish …ve stylized facts about PE …rms: compared to non-PE …rms, PE …rms (1) are larger but less diversi…ed in both products and destinations within the same industry; (2) start exporting with a larger volume but exhibit less upward mobility; (3) grow less both in the …rst year of entry and over time within a market; (4) are less likely to move up to higher sales quintiles over time; (5) are more likely to start selling to more distant markets but less likely to penetrate new markets after the …rst year of exporting.
We discuss how incorporating export pro…t uncertainty into the existing multi-product …rm models can explain all …ve facts. These …ndings suggest that countries relying heavily on processing exports would appear to have more stable (less volatile) export dynamics at the aggregate. Our …ndings that PE …rms start exporting with a large volume con…rm the common belief that PE is a safe path for a country to engage in global trade. However, the lower upward mobility of PE …rms highlights a trade-o¤ between having a high survival rate of new exporters and bene…ting from potentially more dynamic long-run growth supported by established exporters who go through learning. This table examines product and destination scope. The dependent variable is number of HS 6-digit categories exported at the …rm-year level in columns (1) to (4) and the number of destinations served in columns (5) to (8) . Processing is an indicator variable for whether …rm i is an PE …rm. log of …rm aggregate exports, included as control are lagged one year. Given that the dependent variable is a count variable, we use a negative binomial model. t statistics are reported in parentheses. All regressions include a constant term. Standard errors are bootstrapped. ***, **, and * indicate signi…cance at the 1, 5, and 10 percent level, respectively. (1) to (4) and export volume at the …rm-product-country-year level in columns (5) to (8) . Processing is an indicator variable for whether …rm i is an PE …rm. log of …rm aggregate exports included as control are lagged one year. We include di¤erent sets of …xed e¤ects in the columns of the table. t statistics are reported in parentheses. Standard errors are robust and clustered by …rm in columns (1) and (5), and at the level of the …xed e¤ects included, other than ownership, in the remaining columns. Results are robust to alternative levels of clustering. ***, **, and * indicate signi…cance at the 1, 5, and 10 percent level, respectively. This table examines whether PE …rms charge more per unit of sales than non-PE …rms. We regress the (log) unit value at the …rm-product-country level on the PE dummy (Processing). A product is de…ned as an HS-8 category. In columns (3) and (4) we control for the log of …rm aggregate exports lagged one year. We include di¤erent sets of …xed e¤ects in the columns of the table. t statistics are reported in parentheses. Standard errors are robust and clustered by country-product-province in columns (1) and (3) and by country-product-year in columns (2) and (4) . Results are robust to alternative levels of clustering. ***, **, and * indicate signi…cance at the 1, 5, and 10 percent level, respectively. This table examines the relation between exporters'scope and scale and (physical and cultural) distance to the destinations. We drop exports to Hong Kong and Macao as their geographic and cultural distance to China is essentially zero. In addition to the distance measures, we also include interaction terms between the distance to the destination and the EP dummy (Processing) to assess whether there are di¤erential e¤ects of distance on PE …rms. We control for ownership and province-industry-year …xed e¤ects. In columns (1) and (2) the dependent variable is the number of HS 6-digit categories exported at the …rm-year level. We use negative binomial in estimation and bootstrapped standard errors. In columns (3) and (4) the dependent variable is export volume at the …rm-year level. In these columns, we do not consider …rms that export to a single destination in a given year, to allow us to include the log of …rm aggregate exports, lagged one year, as control. t statistics are reported in parenthesis. Standard errors are robust and clustered by province-industry-year. Results are robust to alternative levels of clustering. ***, **, and * indicate signi…cance at the 1, 5, and 10 percent level, respectively. In this table we regress the log value of …rm exports in the …rst year of exporting on the PE dummy variable (Processing), and a set of …xed e¤ects. We estimate a linear regression for exports at entry. In columns (1) to (4) observations are at the …rm-year level, while in columns (5) to (8) they are at …rm-country-year level. t are reported in parenthesis. Standard errors are robust and clustered by …rm in columns (1) and (5), and at the level of the …xed e¤ects included, other than ownership, in the remaining columns. Results are robust to alternative levels of clustering. ***, **, and * indicate signi…cance at the 1, 5, and 10 percent level, respectively. This table investigates the di¤erential export growth for PE …rms versus non-PE …rms. We regress export growth at the …rm level on the EP dummy (Processing) and the comprehensive set of …xed e¤ects. Columns (1) to (4) report results for year-on-year growth, while columns (5) to (8) are for export growth between the …rst and the second year in export markets, conditional on survival. t statistics are reported in parenthesis. Standard errors are robust and clustered by …rm in columns (1) and (5), and at the level of the …xed e¤ects included, other than ownership and year, in the remaining columns. Results are robust to alternative levels of clustering. ***, **, and * indicate signi…cance at the 1, 5, and 10 percent level, respectively. This table reports year-to-year transitions for both PE and non-PE …rms, the conditional probability of transiting from export sales quintile x in t-1 to quintile y in t is shown. We also report the probability of entry into exporting (exit from exporting) for each quintile in the last row (column) of the table. The table reports the number of …rms which transited from quintile of exports x in t-1 to quintile y in t, divided by the number of …rms in quintile x in t-1. 1 is the lowest quintile and 5 the highest. This table investigates the relationship between the size of entry in any given year, and export growth in the immediate following year. The bottom row reports the share of entrants in each quintile in the year of entry. The table reports number of …rms which transited from quintile of exports x in t-1 to quintile y in t, divided by the number of …rms in quintile x in t-1. 1 is the lowest quintile and 5 the highest. This table splits the sample into …rms that export to 1, 2, ... 30+ destinations, and shows the year-to-year transition probabilities of changing the number of destinations (i.e., conditional probability of transiting from exporting to x destinations in t-1 to y destinations in t), The upper panel is for non-PE, while the lower panel is for PE. The bottom row of the table shows the share of …rms that start exporting to di¤erent number of destinations. The table reports number of …rms which transited from exporting to x destinations in t-1 to y destinations in t, divided by the number of …rms exporting to x destinations in t-1. This table reports the conditional probability of transiting from exporting to destination group x in t-1 (column) to destination group y in t (row). We consider 4 groups of destinations, the European Union (EU), US, neighbors (NE), and the rest of the world (RW), spanning 15 possible destination combinations. To have a comparable sample to that used in tables 12 and 13 below, we drop exports to Hong Kong and Macao as their distance to China is essentially zero, and we include all …rms that export to a country for at least 2 years. The table examines transitions between these 15 combinations of countries from t-1 to t. The bottom row reports the initial fraction of …rms serving the country combination speci…ed in the column. This table estimates a linear probability model of market entry. The dependent variable is a binary variable which takes the value of 1 if …rm i enters a new country c at period t and zero otherwise. Therefore, in each period …rm i chooses to enter one or more new export destinations. We drop the …rm-country pair from the sample for period t+1 and onwards if Entryict = 1 at t. The estimation sample does not include single-year …rms or …rm-country pairs. Processing is an indicator variable for whether …rm i is an EP …rm. We include di¤erent sets of …xed e¤ects in the columns of the table. In columns (5) and (6) we control for the log of …rm aggregate exports lagged one year. t statistics are reported in parentheses. Standard errors are robust and clustered by …rm in column (1) , and at the level of the …xed e¤ects included, other than ownership and year, in the remaining columns. Results are robust to alternative levels of clustering. ***, **, and * indicate signi…cance at the 1, 5, and 10 percent level, respectively. This table investigates the e¤ect of distance to the destination on the entry probability. We drop exp orts to Hong Kong and M acao as their geographic and cultural distance to China is essentially zero. We include m easures for geographic and cultural distance as well as the interaction term s b etween the distance m easures and the PE dum my (Pro cessing). We control for the log of …rm aggregate exp orts lagged one year. In colum ns (3) and (4) we further include interaction term s b etween a foreign ownership dum my and distance to account for the fact that foreign ownership prevails in PE trade, and investigate if the di¤erential e¤ect of distance on EP …rm s rem ains b eyond that of foreign ownership. t statistics are rep orted in parentheses. Standard errors are robust and clustered by province-industry-year. Results are robust to alternative levels of clustering. ***, **, and * indicate signi…cance at the 1, 5, and 10 p ercent level, resp ectively. This table examines the relation between exporters'scope and scale and (physical and cultural) distance to the destinations. We drop exports to Hong Kong and Macao as their geographic and cultural distance to China is essentially zero. In addition to the distance measures, we also include interaction terms between the distance to the destination and the PE dummy (Processing) to assess whether there are di¤erential e¤ects of distance on PE …rms. We also include interaction terms between a foreign ownership dummy and distance, to account for the fact that foreign ownership prevails in EP trade. We control for province-industry-year …xed e¤ects. In columns (1) and (2) the dependent variable is the number of HS 6-digit categories exported at the …rm-year level. We use negative binomial in estimation and bootstrap standard errors. In columns (3) and (4) the dependent variable is export volume at the …rm-year level. In these columns, we do not consider …rms that export to a single destination in a given year, to allow us to include the log of …rm aggregate exports, lagged one year, as control. t statistics are reported in parenthesis. Standard errors are robust and clustered by province-industry-year. Results are robust to alternative levels of clustering. ***, **, and * indicate signi…cance at the 1, 5, and 10 percent level, respectively.
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